The correlation between the demographics of users and the text they write has been investigated through literary texts and, more recently, social media. However, differences pertaining to language use in search engines has not been thoroughly analyzed, especially for age and gender differences. Such differences are important especially due to the growing use of search engine data in the study of human health, where queries are used to identify patient populations. Using three datasets comprising of queries from multiple general-purpose Internet search engines we investigate the correlation between demography (age, gender, and income) and the text of queries submitted to search engines. Our results show that females and younger people use longer queries. This difference is such that females make approximately 25% more queries with 10 or more words. In the case of queries which identify users as having specific medical conditions we find that females make 53% more queries than expected, and that this results in patient cohorts which are highly skewed in gender and age, compared to known patient populations. We show that methods for cohort selection which use additional information beyond queries where users indicate their condition are less skewed. Finally, we show that biased training cohorts can lead to differential performance of models designed to detect disease from search engine queries. Our results indicate that studies where demographic representation is important, such as in the study of health aspect of users or when search engines are evaluated for fairness, care should be taken in the selection of search engine data so as to create a representative dataset.
Introduction
Search engines are the single most widely used Internet service (Purcell et al. 2012) . For this reason, significant efforts have been dedicated to improve the interaction between search engines and their users, as evident from thousands of studies analyzing these interactions. Moreover, because of the popularity of search engines, their data has been used to study human behavior in areas ranging from politics (Diaz et al. 2016) to health (Yom-Tov 2016) .
One aspect which has received relatively little attention is the influence of user demographics, especially age and gender, on search engine use. This is surprising, since gender (Newman et al. 2008 ) and age (Pennebaker and Stone 2003) are known to influence the use of language. Because of this, it might be assumed that language variation could be useful for providing the best information to users, and conversely could cause bias in the way results are provided to users.
Two seminal studies examined the correlation between demographics of search engine users and their topics of interest (Weber and Castillo 2010; Weber and Jaimes 2011) , finding that the topics people queried about varied by age and gender. Later, Bi et al. (2013) showed that search engine queries could be used to predict the age and gender of users. In a laboratory-based eye tracking study, Lorigo et al. (2006) found gender differences in the way search engine results pages are analyzed. More recently Mehrotra et al. (2017) examined age and gender differences in the perception of search engine results, finding only minor differences therein.
We note that in contrast to the dearth of literature on the effects of age and gender on search engine queries, a large body of work exists on detecting demographics of writers from their writings, e.g., for use in forensic analysis. A review of such methods is provided in Koppel et al. (2009) . Other work has focused on age and gender identification from social media (Schwartz et al. 2013; Rangel and Rosso 2013) , as well as prediction of social class (Preoţiuc-Pietro et al. 2015) . However, in contrast with both these lines of work, which rely on long text with complete sentences, search engine queries are (as shown below) short and often incomplete.
The richness of search engine queries, reflecting a broad range of human behaviors, has led researchers to analyze these data in order to learn about aspects of health which are difficult to study in other ways (Yom-Tov 2016) . Much of this work comprises of an examination of broad aspects of public health, e.g., the prevalence of influenza in a population (Polgreen et al. 2008 ) and the effect of dietary deficiencies on certain chronic pains (Giat and Yom-Tov 2018) . More intriguingly, recent work has demonstrated that insights pertaining to individuals can be deduced from their queries. These include, for example, the ability to identify precursors (including risk factors) for disease (Yom-Tov et al. 2015) , and to screen for several forms of cancer, including pancreatic (Paparrizos et al. 2016) , ovarian and cervical (Soldaini and Yom-Tov 2017) .
In contrast to population-level analysis, where models are trained to predict arealevel measures of health, studies of individual health require the identification of a group of people who share the medical condition under study. Identifying this group, also known as a cohort, is a challenging problem considering that search engine data is usually anonymous and rarely linked to medical information such as medical records. Thus, researchers have identified a group of users, called Self-Identified Users (SIUs) (Yom-Tov et al. 2015) , who issue experiential queries (Paparrizos et al. 2016) such as "I have ovarian cancer". SIUs were used either to identify the cohort (Paparrizos et al. 2016) or as a seed-set for algorithms which use these data in conjunction with other information to form the cohort. However, Soldaini and Yom-Tov (2017) found that queries by SIUs differ substantially from those of other people they identified as sharing the same medical condition. This observation, if true, should have important bearing on the representativeness of the cohort, especially if it is selected to include only SIUs.
Thus, in this work we seek to examine how user's demographics influence their choice of query language. The differences we find could affect the quality of results that search engines return. This has an important effect on the fairness of the results served by search engines, as measured by their ability to provide equally satisfying results for different demographics. Moreover, our findings are consequential to studies of cohorts based on SIUs, which could be biased towards specific demographics if the effects reported herein are not taken into account. Here we demonstrate that when attempting to detect illness in search engine users this effect is not always observed, but can lead to significant differences in performance when it exists.
Methods
Three main datasets from two sources were used in this study. The first two datasets comprise of general web queries stratified by age and gender. The difference between datasets are in the way that demographic information is obtained, sample size, and the search engines used. The third dataset is focused on experiential medical queries, and is used to exemplify the effect of demographic differences on medical cohort identification.
Dataset 1 comprises of a sample of approximately 5.5 million queries submitted to the Bing search engine from users in the USA during 1 day, 21st March 2018. For each query we obtained the text of the query, the age group 1 and gender (male or female) of the user. The latter two were as reported by users during registration to Bing.
To validate our findings from the analysis of the first dataset, we performed identical analyses on 5 weeks of query data collected from an opt-in consumer panel recruited by Internet analytics company comScore, comprising of approximately 15 million queries. Millions of panelists provide comScore with explicit permission to passively measure all of their online activities using monitoring software installed on their computers. In addition to logged search behavior, comScore data also includes panelists' gender and age group. 2 This dataset contains queries made not only to Bing. We refer to these as Dataset 2.
Finally, we collected all queries containing a mention of a medical condition or symptom submitted to Bing during between November 2017 and October 2018 (12 months). Conditions were one of 5521 conditions and their 25,584 synonyms, as reported in Yom-Tov et al. (2015) . For each query we obtained the text of the query, an anonymous user identifier, and the age group and gender (male or female) of the user. We refer to this dataset as dataset 3.
These data were used in 3 ways: First, we created a subset of experiential queries. This subset consisted of all queries containing the phrase "been diagnosed with [condition]" or "I have [condition]", without queries that only indicate possibilities ("Do I have [condition]") or negation ("I have not been diagnosed with [condition]"). A second subset was a list of all the medical conditions mentioned in queries by each user, and whether that user identified themselves as having a specific medical condition using an experiential query. The third dataset was of people who, in their experiential queries reported having one of 7 specific medical conditions (asthma, Crohn's disease, chronic kidney disease, chronic obstructive pulmonary disease, hypertension, Parkinson's disease, and ulcerative colitis) 1 3 that have physical symptoms which are identifiable by a layperson. For these people we also listed their queries for symptoms associated with the condition, as listed on the site webmd.com, enhanced where possible, with the equivalent lay-person terms provided in Yom-Tov et al. (2013) .
To evaluate spelling mistakes in the text of queries we used Python's Language Check package. In order to evaluate queries for whether they formed complete sentence(s) we randomly sampled 50 queries from each age group and gender in dataset 1. These queries were labeled by 5 crowdsourced workers on the Crowdflower platform as to whether they were complete sentences. We analyzed all those queries which had an agreement of 4 or more workers.
This study was approved by the Institutional Review Board of the Technion, Israel Institute of Technology.
Results

General web queries
The average number of words per query was 3.2 in dataset 1 and 3.0 in dataset 2. This is in agreement with previously reported average lengths, e.g., Song et al. (2013) . The distribution of queries as a function of query length is shown in Fig. 1 . As the figure shows, the distribution is highly skewed to shorter queries, and is similar in both datasets.
We computed the fraction of queries at each length, stratified by age group and gender. Figure 2 shows the ratio between the fraction of queries of length N made by males, compared to the fraction as made by females, for both datasets. As the figure shows, the datasets are extremely similar to each other. Interestingly, queries 2-4 words in length are approximately 5% more common among males, but longer queries are much more common among females, with a clear correlation between query length and preference by females. Figure 3 shows the average query length for each age group. Each age group is represented by the middle of the age group (i.e., the age group of 18-20 year olds is represented by a point at 19 years). As the figure shows, younger people use longer queries, though the effect is small (between 3.6 words to 2.9 words).
Income level (provided in 7 groups for dataset 2) was uncorrelated with query length. The average number of spelling mistakes per word per age group is correlated with age (adjusted R 2 of 0.88, p = 0.005 ), with higher aged users making fewer spelling mistakes (0.296 per word for the youngest age group and 0.230 for the oldest ones). The difference between males (0.266) and females (0.260) is negligable.
Finally, we evaluated whether the longer queries (by females and younger users) were due to these users making queries that were complete sentences. As noted above, crowdsourced workers labeled a sample of the queries for whether they formed complete sentences (e.g., "Do I have the flu?", vs. "flu"). A multi-way ANOVA with interactions found that gender was not statistically significantly associated with the use of complete sentences, while age ( P = 0.007 ) and the interaction of age and gender ( P = 0.010 ) were. Younger users were more likely to query using complete sentences.
Experiential queries
In the previous section it was shown that females use longer queries than males. Experiential queries of the type previously used to identify cohorts for study, or as a seed-set to find cohorts using auxiliary information, are naturally at least 3 words in length (e.g., "I have cancer") and usually far longer (e.g., "I was diagnosed with stage 2 lung cancer"). Therefore, here we examine how the demographic bias in query length is reflected in experiential queries.
To do this, we utilize a subset of Dataset 3, comprising of experiential queries from 1 year of Bing data.
The 10 most common conditions mentioned in these queries, in descending order of popularity, were: bleeding, blister, weight loss, lung cancer, bruise, pregnancy, gastroesophageal reflux disease, sleep apnea, itch, and common cold.
Overall, 56% percent of queries in dataset 3 were made by males. The fraction of experiential queries made by males was found to be 41% lower than expected, according to their fraction in the population. Conversely, the fraction of experiential queries made by females was 53% greater than their fraction in the query set. This is to be expected, since the average length of experiential queries was 13.2 words, and (as shown above) females make longer queries than males. Figure 4 shows the fraction of experiential queries by age group, compared to the baseline of all queries submitted to Bing. The figure shows a correlation between age and the excess in experiential queries, perhaps partly because the incidence of diseases is higher among older people.
Finally, in the 20 cancers for which at least 10 people made experiential queries, we compared the fraction of males who made these queries, compared to the known fraction of males who suffer from these cancers. 3 These fractions are shown in Fig. 5 . We note that some gender-specific cancer types (e.g., prostate cancer) are queried using experiential queries by the other gender. It is assumed that such queries are either errors in identification of the query or gender or are the result of the use of a common computer by users of both genders.
To model the relationship between the known gender ratio and the observed gender ratio (on Bing), we used a linear model where the independent variable was the known gender ratio and the dependent variable the observed ratio. The model reached an R 2 of 0.48, with a slope of 0.33. This means that the gender ratio in experiential queries is strongly biased towards females, as expected by the above results.
As noted in the Introduction, three methods have been suggested in the literature for identifying cohorts beyond SIUs. The first (Ofran et al. 2012 ) sets a simple threshold for the number of mentions of a condition. The second (Yom-Tov et al. 2015) finds whether the condition most often queried for by a user is one from which they are suffering. The third method (Soldaini and Yom-Tov 2017) integrates information on SIUs with the geographic location of users and disease incidence at each area. Soldaini and Yom-Tov (2017) observed that their method identifies as members of the cohort people who use language differently than SIUs. One reason for this might be that methods that go beyond SIUs identify a more demographically balanced group of individuals for inclusion in the cohort. Thus, we reimplemented the methods proposed in Ofran et al. (2012) and in Yom-Tov et al. (2015) . We applied them to the subset of Dataset 3 which includes not only SIUs but any mention of a medical condition. The accuracy of the classifier generated for Yom-Tov et al. (2015) , for predicting if the most oft-queried condition is the on that people suffer from, according to the SIU population, was AUC = 0.78 . This is slightly lower than the AUC reported in Yom-Tov et al. (2015) , 0.85.
Having identified people likely suffering from difference conditions, we focused on the cancer types shown in Fig. 5 . The slope of the linear model of the observed gender ratio in the cohort identified by the first method as a function of the known gender ratio was 0.40 ( R 2 = 0.47 ) and for the second method 0.45 (R 2 = 0.50). This indicates that the cohorts identified by the two algorithms were indeed more balanced as measured by gender ratios.
Effect of unrepresentative demographics on screening performance
Having demonstrated that solely using SIUs for cohort selection leads to a demographically biased cohort, in this section we test whether such biased cohorts lead to differential performance for different demographics. As one of the most common applications enabled by user cohorts has been to screen for disease from prior symptoms, we test if such differential performance occurs in this application.
We analyzed users from the third subset of Dataset 3, comprising of users who reported (by making experiential queries) that they are suffering from one of seven medical conditions that have physical symptoms, which could thus be queried for by people. The symptoms for each condition were as listed on the site webmd.com, enhanced where possible, with the equivalent lay-person terms provided in Yom-Tov et al. (2013) . Thus, each user was represented by the number of times they asked about each symptom prior to the first mention of the condition. Only users who mentioned one or more symptoms were retained. As a control group we found all users who queried for a symptom associated with the condition, but did not query for the condition during the year.
Screening is the ability to detect that a user has a given condition prior to their mention of it. Our goal in this section was to test the performance of a model for screening while controlling for gender balance. To do this, the data were randomly divided so that 80% of the data were used for training an 20% for testing. Out of each of these sets (training and testing) an equal number of males and females were randomly selected for the positive and the negative classes.
To control the gender ration in the training set, the training set from each gender was divided into 10 random subsets. A linear model was trained with n subsets from female users and (10 − n) subsets from male users, where n was varied between 0 and 10. Testing was performed separately for female and male users.
This process was performed for each condition and repeated for 100 random partitions of the data and for n varied between 0 and 10. Table 1 shows the correlation between the fraction of data from female users and the average AUC of female users, and between the average AUC of female users and that of male users. The first correlation provides a measure for the distinctness of data from female users, and should rise if the inclusion of more data from females (at the cost of male users) leads to higher AUC. A negative correlation of the second measure indicates that, if the proportion of female user data increases (and male data increases), the predictive performance on male users decreases while correspondingly increasing for females.
As the table shows, both trends are not uniform across conditions. More data from females leads to better performance in screening females in 3 of the 7 conditions. A decrease in the classification performance for females leads to an increase in performance for males in 4 of 7 datasets.
Discussion
Our analysis of search engine logs from two sources reveal that search queries differ by the demographics of those querying. Specifically, age and gender (but not income) have a statistically significant effect on query length, the percentage of spelling mistakes, and the use of complete sentences in queries.
Our findings show that females and younger people appear to ask using longer queries. The findings are in agreement with studies of longer texts (Koppel et al. 2009 ), which found similar differences among ages and genders. We note, however, that the variation in text length by gender is not consistent across all Internet sources: Past work has shown that in blog posts (Goswami et al. 2009 ) and product reviews (Otterbacher 2010) , females write shorter texts than males. Further work is required to understand the cause of these variations.
The similarity among datasets shows that the difference is not because of the demographics of a specific search engine (e.g., Bing). This is in agreement with past studies which did not find a difference in the demographics of search engine users .
Our findings have two areas of impact. First, they contribute to the knowledge on the differences in search engine use among people, and the need to take these into account when measuring issues such as fairness and bias in search engine results.
Second, our results have a clear implication for studies which use anonymous query data to study aspects of human health. In such studies a cohort needs first to be identified. Several methods for this have been suggested, but all rely on experiential queries, either as the sole source of data or as a supporting source. Since our work has shown that experiential queries are highly skewed by gender and age, by implication, so is the cohort. Interestingly, two of the methods for cohort selection (Ofran et al. 2012; Yom-Tov et al. 2015) which go Table 1 Screening classifier performance as a function of gender ratio r 1 shows the correlation between the fraction of training data from female users and the AUC for females in test data. r 2 is the correlation between the AUC for female users and the AUC for male users in the test data. The correlations are computed from the average of 100 random draws beyond experiential queries have much less of an imbalance at least for gender ratios, suggesting that these methods can be used to overcome demographic bias. Additional work is required to verify if the same is true for other methods and other demographic characteristics. However, we suggest that, whenever possible, methods for cohort selection should test and report the representativeness of the cohort they identified. Finally, we demonstrated that an unrepresentative cohort can lead to differential performance in screening for diseases using search engine queries. We measured the effect of gender bias and found that its effect is not uniform across medical conditions. There are several plausible reasons for this non-uniform effect, including the diversity of users among each gender and the similarities (or lack thereof) between data from the different genders. However, our results indicate that a biased training cohort can lead to significant differences in screening performance. The implication of this finding is that the reported detection rates of past work are applicable only to the cohort selected, and possibly not to the entire susceptible population. In future, whenever possible, it is important to strive to use a representative cohort for training.
